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ABSTRACT 
 
Imagine that you could calculate of posttest probabilities, i.e. Bayes’ theorem with simple 
addition.  This is possible if we stop thinking of probabilities as ranging from 0 to 1.0.   There is a 
naturally occurring linear probability space when data are transformed into the logarithm of the 
odds ratio (log10 odds).   In this space, probabilities are replaced by W (Weight) where 
W=log10(probability/(1–probability)).  I would like to argue the multiple benefits of performing 
statistical testing in a linear probability space:  1) Statistical testing is accurate in linear 
probability space but not in other spaces.  2) Effect size is called Impact (I) and is the difference in 
means between two treatments (I=Wmean2–Wmean1).  3) Bayes theorem is simply 
Wposttest=Wpretest+Itest.  4) Significance (p value) is replaced by Certainty (C) which is the W of the p 
value.  Methods to transform data into and out of linear probability space are described.   
BACKGROUND 
 
“Misunderstanding and misuse of statistical significance impede science” was the subtitle of 
Steven Goodman’s 2016 perspective in Science (1).   Many scientists, journals, and regulators think 
that a p= 0.049 suggests truth and a p=0.051 suggest falsity; this is clearly incorrect reasoning.  
When a single experiment with a large n has a p=0.049, a subsequent identical study has only a 
50.4% chance of finding a p<0.05 (2, 3).  This reliance on p values forms part of the “frequentist” 
camp of statistics.  Frequentists ignore pretest likelihood at their peril (see https://xkcd.com/1132/).  
This use of p values, among other causes, has led to a reproducibility crisis in science (4).     
Finally, much of the non-statistically trained general population thinks the term “significance” 
suggests importance rather than certainty.   
Prof. Goodman, many other statisticians, the American Statistical Association, and I are 
concerned about the misuse of frequentist statistics and the misuse of the p value (1).  Ronald 
Fischer would likely agree; he thought that a “significant” result required further experiments for 
confirmation.  I think it time to go beyond frequentist statistics and integrate pretest likelihood, 
i.e. Bayesian thinking, into most statistical testing.      
 
INTRODUCTION  
 
Imagine that you could calculate posttest probabilities, i.e. Bayes’ theorem with simple 
addition.  This paper shows how.  To do so, we need to stop thinking of probabilities as ranging 
from 0 to 1.0 (i.e. 0 to 100%) and start thinking of probabilities as Weights (W) and Effect Size as 
Impact (I).   W and I will be formally defined below, but it is best to first see how they work:   
Suppose there exists a treatment that reduces heart attacks over a defined duration from 
61% to 50%.  The probability 61% corresponds to a Wprettreatment = 0.2 and a treatment effect from 
61% to 50% corresponds to an effect size Itreatment = –0.2.  Bayes’ theorem is now calculated as 
Wposttreatment = Wprettreatment + Itreatment = 0.2 + –0.2 = 0 where W=0 corresponds to a 50% probability.  
This is Bayes’ theorem with simple addition.    
Now suppose there are six treatments that individually decrease heart attacks from 61% to 
50% and suppose that these treatments are additive.  If a person were to initiate all six 
treatments, some might think the benefit would be 6 times the 11% percentage point drop from 
61% to 50% – this would be 61% minus 6 times 11% (66%) which would be negative 5% – this is 
clearly impossible because percentage change is not additive.   With the linear form of Bayes’ 
theorem, Wposttreatment = Wprettreatment + 6 times Itreatment = 0.2 + 6 (–0.2) = –1.0 which corresponds to a 
probability of 9%.   
We can change Wpretreatment and easily redo the calculations.  If Wprettreatment = –0.4 (28%) and 
Itreatment = –0.2, for one treatment Wposttreatment = Wprettreatment + Itreatment = –0.4 + –0.2 = –0.6 (20%).   
For six treatments, Wposttreatment = Wprettreatment + 6 times Itreatment = –0.4 + 6 (–0.2) = –1.6 (2.5%).   All 
that is required is that we think of probability as W values and effect size as I values.  
In this example, W and I values are additive, i.e. they are part of a linear probability space.  
In contrast percentage change is not linearly additive.   In a companion paper (Rembold, 
companion paper 2), I will discuss which types of data are already in a linear probability space and 
which types of data need transforms to be in a linear probability space.   For the rest of this paper, 
I will only discuss probability data that exists between the endpoint of 0 and 1 (i.e. 0 to 100%).   
Importantly, this paper discusses only changes in probability because probabilities of two or more 
distinct things can be added – for example, you can die of heart disease or cancer or something 
else, the sum of heart disease, cancer, and something else deaths is 1 (100%).    
I propose three statistics within linear probability space:  
1) W (weight), a measure of the probability of something.    
2) I (impact), something that changes a probability.  When one object impacts another, it 
moves the second object.   Therefore a test or treatment can “impact” the W (the probability) by the 
quantitative measure I.   I values further from zero suggests a larger treatment effect and I values 
closer to zero suggest a smaller treatment effect.  Positive I values increase W (probability) and 
negative I values reduce W (probability).  I values are the same as what statisticians call Effect 
Size.   In linear probability space Bayes’ theorem reduces to Wposttest = Wpretest + I. 
3) C (certainty) replaces “significance” to describe confidence about a result.  C should be 
reported with the n value for the number of trials or tests done. 
I recognize that many of these ideas are not new and were first discovered by the giants of 
statistical methods.  They are well described (and buried) within textbooks such as Armitage & 
Berry (5).  However, many scientists have ignored the idea of and the importance of analysis 
within a linear space. I apologize for not crediting the many statisticians and theoreticians on 
whose work this synthesis is built.    
 
INTRODUCTION TO CALCULATING IN LINEAR PROBABILTY SPACE: W VALUES 
  
The naturally occurring linear probability space occurs when probability data are 
transformed to the common logarithm of the odds ratio (log10 odds) (5).   Within this space, 
interpretation of data, statistical testing, and Bayes’ theorem are linearly additive (Eqn. 1-3 (6)).   
The log of odds has been described as “weight of evidence (7, 8),” “Weight (“W”) (6), and also as the 
logit transform (as ln odds, (5)-p. 394).  Figure 1 shows the correspondence of W with traditional 
probabilities.   
Some suggest using the natural log (ln) rather than the common log (log10) but as will be 
apparent later, the log10 is more intuitive, especially with C values.  In my synthesis, W is a 
measure of probability.   
For example, if probability of an event is 0.80 (80%), odds are 0.8/(1–0.8) = 0.8/0.2 = 4:1 = 4.  
So W = log10 4 = 0.6.   The conversions between probability, odds and W are:  
Odds =   ୔୰୭ୠୟୠ୧୪୧୲୷
ଵି୔୰୭ୠୟୠ୧୪୧୲୷
     In Excel: Odds = Probability / (1–Probability)   (1) 
W = Weight = log10 Odds = log10 ୔୰୭ୠୟୠ୧୪୧୲୷ଵି୔୰୭ୠୟୠ୧୪୧୲  = log10 
୔ୣ୰ୡୣ୬୲ୟ୥ୣ/ଵ଴଴
ଵି୔ୣ୰ୡୣ୬୲ୟ୥ୣ/ଵ଴଴
 
    In Excel: W = LOG10(Probability / (1–Probability))  (2) 
Probability = ଵ଴
ೈ
ଵା ଵ଴ೈ
      In Excel: Probability=POWER(10,W)/(1+POWER(10,W)) (3) 
W (weight) Probability 
9 0.999 999 999 
6 0.999 999 
4 0.999 9 
3 0.999 
2 0.99 
1.3 0.952 
1 0.91 
0.6 0.80 
0.4 0.72 
0.2 0.61 
0.1 0.56   if start as 0 (50%) and I is negative, 
0 0.50  Low I: 0 to –0.09          (reduces from 50% to range 45% – 50%) 
–0.1 0.44  Intermediate I: –0.1 to –0.19 (reduces from 50% to 39% – 44%) 
–0.2 0.39  High I: –0.2 to –0.39    (reduces from 50% to range 29% – 38%) 
–0.4 0.28  Very high I: < –0.4       (reduces from 50% to 28% or lower) 
–0.6 0.20   
–1 0.09 
–1.3 0.048  C = –1.3 is a 51% chance a second identical study has a C<–1.3 
–2 0.01  C = –2 is a 73% chance a second identical study has a C<–1.3 
–3 0.001 
–4 0.000 1  C = –4 is a 97% chance a second identical study has a C<–1.3 
–6 0.000 001      
–9 0.000 000 001 C = –9 is a 99.998% chance a second study has a C<–1.3 
 
Figure 1.   Correspondence of W (weight) and probability (multiply probability by 100 for 
percentage) for defined changes in W.   Comments at right on I and C will be discussed below.  
 
For optimal use of linear probability space, the user needs to familiarize her/himself with 
Fig. 1 more than the formulae above.   W values replace probabilities.   One advantage of W is that 
it has a more human scale: an average probability of 0.5 corresponds to a W = 0 and probabilities 
that range from 0.000 000 001 to 0.999 999 999 correspond to W values that range from –9 to 9.    
In the midrange of W (–0.6 to +0.6), probability and W values are coarsely linear (i.e. a 0.2 
change in W corresponding to an ~0.1 probability change).   This can be remembered: 
W of +0.6 is probability of   0.8 (80%),   
W of +0.4 is probability of ~0.7 (~70%),  
W of +0.2 is probability of ~0.6 (~60%),        
W of      0 is probability of   0.5 (50%),  
W of –0.2 is probability of ~0.4 (~40%),   
W of –0.4 is probability of ~0.3 (~30%), and 
W of –0.6 is probability of   0.2 (20%). 
At high W values (>2), integer W values are the number of 9s in the probability, e.g. W=4 is 
probability 0.9999.   
At low W values (<–2), integer W values are the number of 0s and the 1 in the probability, 
e.g. W=–3 is probability 0.001. 
 
EFFECT SIZE IS EASILY CALCULATED AND IS TERMED IMPACT  
 
Effect size is a quantitative measure of how much means of two measures differ rather than 
how certain we are about the difference in means.  A large advantage of linear probability space is 
that Effect Size is easily calculated as the difference of the means with a test or a treatment within 
linear probability space.  I suggest naming effect size as Impact (I), where:  
Impact = I = Wmean2–Wmean1          (4)  
When one object impacts another, it moves the second object.   Therefore a test or treatment 
can “impact” the W (weight, i.e. probability) by the quantitative measure I.    
Since I moves a measurement from mean1 to mean2 in linear probability space, we need to 
consider the W of the mean data.     For example, if W1 = 0 (50%) and W2 = –0.2 (39%), then I = W2 
– W1 = –0.2 – 0 = –0.2.   And if W1 = –0.95 (10%) and W2 = –1.15 (6.6%), then I = –1.15 – –0.95 =     
–0.2.  Note that the difference is linear only in linear probability space but not as percentages. 
Impact (I) here is identical to the Impact (I) described in Eqn. 11 and 18 below for the 
diagnostic benefit of a test with discrete data.   
Ideally, just knowing I would be adequate as a measure of impact, i.e. Effect Size.   For 
those that need words describing impact perhaps the best would be:    
1) Low Impact with I values close to zero: between –0.1 & 0.1  
e.g. reduces from 50% to range 44% – 50% & reduces from 10% to range 8.2% – 10%    
(these are examples for a negative I which reduces W),  
2) Intermediate Impact with I values between –0.2 & –0.1 or I between 0.1 & 0.2  
     e.g. reduces from 50% to range 39% – 44% & reduces from 10% to range 6.6% – 8.1%, 
3) High Impact with I values between –0.4 & –0.2 or I between 0.2 & 0.4            
     e.g. reduces from 50% to range 28% – 39% & reduces from 10% to range 4.3% – 6.5%, & 
4) Very High Impact with I values less than –0.4 or greater than 0.4             
     e.g. reduces from 50% to 28% or lower & reduces from 10% to 4.2% or lower).  
For the above examples of changes in percentage, a positive I would increase W.  For data 
not easily transformed into linear probability space, Impact is harder to imagine because the 
mapping into linear probability space introduces degrees of freedom (DF) for the mapping function 
and any constants involved.   
 
CHANGING FROM BRIGHT LINE SIGNIFICANCE TO CERTAINTY  
  
One of the earliest statistical comparison was Fishers t test.  Since multiple other methods 
have been developed including comparison of multiple groups.  In this paper, I will only consider 
comparison of two groups, but this method this can be trivially extended to multiple groups.    
Since p values have been inappropriately used, are not linear, and low p values are 
sometimes inappropriately interpreted as higher importance, I suggest calculating a value termed 
Certainty or C from the p value in the same way W is calculated from probability:   
C = Certainty = log10 ୮ ୴ୟ୪୳ୣଵି୮ ୴ୟ୪୳ୣ        In Excel: C = LOG10(p value / (1–p value))  (5)   
C replaces “significance.”  C is on the same scale as W (Fig. 1).  C values are more linear 
and have a more human scale: we get impressed by p = 0.000 001 more than p = 0.001 more than p 
= 0.048, it is more appropriate to present these same levels of certainty as C values of –6, –3, and –
1.3, respectively.  An advantage of C is that all current methods that estimate p are easily 
converted to C values with Eqn. 5.   The disadvantage of C is any complicated method to calculate 
p is retained in calculations of C.   There are similarities between C and the Z score but C values 
go beyond the Z score.    
Ideally, knowing just the C value would be adequate as a measure of certainty.   For those 
that need words describing certainty, there should be a logical method.  I do not favor choosing 
thresholds on whether the current study crosses a line of “significance.”  A more appropriate 
method should be based on whether the probability of a second identical study would be have a C < 
–1.28 corresponding to a p < 0.05.  This concept has been termed p of p or p(theta) and is well 
described in excellent work of Goodman, Shao, and Chou (2, 3), but unfortunately is not as well-
known as it should be.  I propose the following words describing C (certainty):    
1) Certainty Similar with C values >  –0.4  
      corresponds to p > 0.28 which is less than ~1 SE multiple (at high DF) and    
      to a <19% chance that a second identical study would have a C<–1.3 (p<0.05)  
 [this category is controversial and assumes that the assignment of groups are 
  agnostic, i.e. there is no assigned control group.   If this is not desired, then it would 
 be included in group 2 – Certainty Indeterminate],   
2) Certainty Indeterminate with C values –0.4 to –1.3 
      corresponds to p between 0.28 and 0.05 which is ~1.1–2.0 SE multiples and 
      to a 19% to 51% chance that a second identical study would have a C<–1.3,  
3) Certainty Marginally Different with C values –1.3 to –2 
      corresponds to p between 0.05 and 0.01 which is ~2.0–2.6 SE multiples and 
      to a 51% to 73% chance that a second identical study would have a C<–1.3, 
4) Certainty Different with C values –2 to –4, 
      corresponds to p between 0.01 & 0.000 1 which is ~2.6–3.9 SE multiples and 
      to a 73% to 97% chance that a second identical study would have a C<–1.3, 
5) Certainty Very Different with C < –4, 
      corresponds to p < 0.000 1 which is > ~4 SE multiples and 
      a >97% chance that a second identical study would have a C<–1.3 (p<0.05), and 
6) Certainty Very Different (Physics/Genetics level) with C < –9, 
      corresponds to p < 0.000 000 001 which is > ~6 SE multiples (at high DF), and 
      a >99.998% chance that a second identical study would have a C<–1.3 (p<0.05). 
 
REPEATABILITY IMPROVES CERTAINTY   
 
There is a repeatability crisis in science.  One of the major proponents and a tester of 
repeatability is Brian Nosek and his Reproducibility Project / Center for Open Science at the 
University of Virginia (4).    
Some of the current repeatability crisis may be attributed to the traditional definition of 
significance as p<0.05 (C<–1.3) on the current dataset.  As noted above, a p<0.05 (C<–1.3) on one 
dataset predicts only a 51% chance that a second identical study would have a p<0.05 (C<–1.3, see 
the excellent work of Goodman, Shao, and Chou (2, 3)).  Interestingly, this change in statistical 
certainty was not responsible for much of the lack of repeatability in Nosek’s analysis (4).       
One possible threshold is to require a single study to have  
1) a C < –2, i.e. a 73% chance that a second identical study would have a C<–1.3 or  
2) a C < –4, i.e. a 97% chance that a second identical study would have a C<–1.3, 
An alternative approach is to ask for two studies to both find C < –1.3.    
In a companion paper (Rembold, companion paper 1), I show that C values are not strictly 
additive, there is an inherent variability with SD values ~1 when C values are added as compared 
to when C values are calculated from combined data.  In general C values can be added but need a 
correction factor of adding +1 for each study added to the first and another +1 added if the data is 
not normally distributed.  There is no need for correction if the data have different number of data 
points or different SD in the groups.     
Multiple analyses of data, i.e. data mining or intermediate analysis, is a clear problem 
causing more issues with reproducibility.  A solution is that for each additional test performed 
(either at the same time or sequentially ever), then the C value should be corrected by dividing it 
by the square root of the number of tests.    
 
CALCULATION OUTSIDE OF LINEAR PROBABLITY SPACE INDUCES ERROR 
 
An important technical advantage of calculating in linear probability space is the 
elimination of calculation errors when mean and SD are calculated in any nonlinear space, which 
includes probabilities.   To demonstrate this, I created a symmetric data set in percentage space 
with a mean of 50% and SD of 3.40037% (top left of Fig. 2).   When the data are transformed into 
W and analyzed in linear probability space, the corresponding W is 0 and SD 0.059.   When the 
mean and SD from W are transformed back into percentages, the mean is still 50% but the SD is 
slightly higher at 3.40870%, a small but potentially important difference.   
When the data are divided by 2, the percentage space mean is 25% and SD 1.70018% (top 
right of Fig. 2).  In linear probability space, the corresponding W is –0.4779 and SD 0.03952.   
When the mean and SD from W are transformed back into percentages, the mean is now 24.966% 
and SD 1.74317%, both different that calculations done in percentage space.  
When the SD is higher (by doubling the data difference from 50%, bottom of Fig. 2), the 
differences are greater for both mean and SD.   
These data show that when measurement variability is introduced, calculations of changes 
in probability are only accurate when done in a linear probability space, i.e. as weights.   
 
 
 
Figure 2.   Data showing the advantage of calculating means and standard deviations in a 
linear probability space (W) as compared to a percentage space (for probability divide by 100).  
 
In a companion paper, I further evaluate the difference in the mean and SD calculations 
between percentage space and linear probability space (W) at various means.   The error in SD is 
approximately one order of magnitude greater and in opposite direction as the error in the mean.   
The error in both is greater when the mean is further from W = 0, i.e. a probability of 50%.  
(Rembold, companion paper 2). 
 
AN EXAMPLE OF REAL CONTINUOUS DATA 
 
Figure 3 demonstrates statistical testing of a dataset easily converted to linear probability 
space.   It shows measurements of the stoichiometric phosphorylation of a protein (myosin light 
chain) on a single residue (S19) in two datasets when carotid arteries were stimulated by high 
extracellular K+.   
These data are already probabilities (Fig. 4, 2nd and 3rd column) so are easily converted into 
in linear probability space by W = log10(probability/(1–probability)) (Fig. 3, 4th and 5th column).   
Then we calculate means (x1 and x2) and SD (SD1 and SD2) of W for each data set.    
 
 
  
Figure 3.   Statistical testing in a dataset easily converted to linear probability space.    The 
measurement is serine (S) 19 myosin light chain phosphorylation (MLCP) present in swine carotid 
arterial smooth muscle homogenates frozen prior to and 1 min after depolarization with 109 mM 
K+ from two different data sets in the same paper (labeled dataset 1 and 2, (9))   Dilutions of 
samples containing myosin light chains were separated on isoelectric focusing gels and 
immunostained, so the stoichiometric ratio (phosphorylated as a percent of total myosin light 
chain) is reasonably accurate within the range 10–90% (10).    
 
I (impact) = x2 – x1  
Then we can calculate SDx1-x2 for the W as SDx1-x2 = ට(௡భିଵ)ௌ஽భ
మ ା (௡మିଵ)ௌ஽మమ
(௡భିଵ) ା (௡మିଵ)
  (6) 
Then calculate SEx1-x2  = ට𝑆𝐷௫భି௫మ
ଶ  ቄ  ଵ
௡భ
+  ଵ
௡మ
ቅ          (7) 
The 95% Confidence intervals (95% CI) = I ± 1.96· SEx1-x2.  95% CI are for C<–1.3 (p<0.05). 
t = SE multiples =  ௫భି௫మ  
ௌாೣభషೣమ
 =  ூ  
ௌாೣభషೣమ
         (8) 
From a t table or formula, p is calculated.  In Excel p = tdist(t, DF, 2).   
C = log10  ୮ ୴ୟ୪୳ୣ  ଵି୮ ୴ୟ୪୳ୣ 
The datasets show with a C of –3.0 and –3.7 that the mean S19 myosin light chain 
phosphorylation increased with 1 min of K+ depolarization in dataset1 (top) and dataset2 (bottom), 
respectively.   In dataset1, I = +0.8 corresponding to means increasing from 0.11 to 0.42 and in 
dataset2 I = +0.44 corresponding to means increasing from 0.24 and 0.47.   These both fit into the 
Very High impact (>+0.4) category.    
Both datasets fit into the Different category which is where C is between –2 to –4 
corresponding to a p value between 0.01 and 0.000 1 and for each the chance of second identical 
test having a C<–1.3 is 73-97% (in this case the second identical test had a C=–3.7).  There were 
two independent experiments showing similar direction and C values, suggest higher confidence.  
The sum of the Cs from datasets 1 and 2 individually was –6.7, a value higher than the C if 
is calculated when the datasets are analyzed together (C = –4.0, Fig. 3, bottom).  This discrepancy 
partly is from chance and is partially real.  When all the pairwise permutations (total of 8) of the 
above data were tested, the mean C1 was –2.1, the mean C2 was –2.9, the sum of the Cs from 
datasets 1 and 2 individually was –5.0, and the C when the datasets are analyzed together was     
–4.0).  This suggests that when C values are added, they overestimate the C value by ~1 compared 
to when the data were analyzed together, this value of ~1 agrees with a more complete evaluation 
of the additivity of C (Rembold, companion paper 1).      
A spreadsheet for these calculations is included in the appendix. 
In another publication, I will present how to do calculations on data that are not easily 
converted into linear probability space (Rembold, companion paper 2).      
 
ANALYSIS OF DISCRETE DATA 
 
Some data presents as counts, i.e. as integers.  When converted to rates, these data are in 
regular probability space.   An example of these data would be recurrence of cancer or cardiac 
ischemia after an intervention.  Statistics can be generated once a large number are measured.   
These data are best presented as a 2x2 table: 
 
           Outcome/Disease 
     Yes  No  Total  Rate (probability) 
Factor/Test Yes  a  c  a+c  ௔
௔ା௖
  With Factor 
  No  b  d  b+d  ௕
௕ାௗ
    Without Factor 
  Total   a+b  c+d  a+b+c+d = n    
                                            With Outcome Without Outcome  
  True positive rate ௔
௔ା௕
 = sensitivity   
 False negative rate ௕
௔ା௕
 = 1 – sensitivity 
 False positive rate    ௖
௖ାௗ
 = 1 – specificity  
 True negative rate   ௗ
௖ାௗ
 = specificity        (9) 
From the can be calculated several statistics with varying advantages and disadvantages: 
        Additive       Time          Baseline 
               Dependent        Risk 
                   Included 
Odds ratio (OR) = ௥௔௧௜௢ ௪௜௧௛ ௙௔௖௧௢௥
௥௔௧௜௢ ௪௜௧௛௢௨௧ ௙௔௖௧௢௥
 = ௔/௖
௕/ௗ
 = ௔ௗ
௕௖
            No           No      No    (10)  
I (impact) = log10 OR = log10 ௔ௗ௕௖               Yes          No      No    (11) 
Relative risk (RR) = ௥௔௧௘ ௪௜௧௛ ௙௔௖௧௢௥
௥௔௧௘ ௪௜௧௛௢  ௙௔௖௧௢௥
 = ௔/(௔ା௖)
௕/(௕ାௗ)
 = ௔(௕ାௗ)
௕(௔ା௖)
      No           No      No    (12) 
Absolute Risk Reduction (ARR) = rate+ – rate– = ௕௕ାௗ −  
௔
௔ା௖
    No           Yes      Yes    (13) 
Number needed to treat (NNT) = 1 / ARR        No           Yes      Yes    (14) 
 
The odds ratio (OR, Eqn. 10) is not time dependent (assuming linear risk), does not include 
baseline risk, and is not additive.   It has been called approximate relative risk (this is only valid if 
a << c and b << d, i.e. a low rate). 
The impact (I, Eqn. 11) of a treatment is also not time dependent (assuming linear risk), 
does not include baseline risk, but importantly, it is linearly additive.   Note that this I is the same 
as I described above in Eqn. 4 for continuous data. 
Relative risk (RR, Eqn. 12) is not time dependent (assuming linear risk), does not include 
baseline risk, and is not additive. 
Relative risk reduction (RRR) = 1 – RR is not time dependent (assuming linear risk), does 
not include baseline risk, and is also not additive.   The RRR is the most common statistic quoted 
by clinicians to patients to describe a treatment benefit. 
Absolute Risk Reduction (ARR, eqn. 13) includes baseline risk, is time dependent and is not 
additive. 
Number needed to treat (NNT, eqn. 14) and number needed to screen (NNS, (11)) include 
baseline risk, are time dependent and are not additive 
In summary, the only additive statistic is I.   ARR, NNT, NNS include baseline risk and are 
time dependent.   RR, RRR, and I do not include baseline risk and are not time dependent 
(assuming linear benefit of treatment).  
  
INTERPRETATION OF TEST RESULTS 
A clear advantage of calculating in linear probability space is the evaluation of test results.  
The Wpretest (pretest probability) can be added to the I of a test result (I+ and I– for positive and 
negative tests, respectively, Eqn 15 & 16) to create a Wposttest (posttest probability, Eqn. 17).    
Calculation of I values for test results (6) is done as follows:  
 I of a Positive test: I+test = log ௌ௘௡௦௜௧௜௩௜௧௬ଵିௌ௣௘௖௜௙௜௖௜௧  = log
்௥௨௘ ௉௢௦௜௧௜௩௘ ோ௔௧௘
ி௔௟௦௘ ௉௢௦௜௧௜௩௘ ோ௔௧௘
 = log௔/(௔ା௕)
௖/(௖ାௗ)
 = log௔(௖ାௗ)
௖(௔ା௕)
 (15) 
I of a Negative test:I-test = logଵିௌ௘௡௦௜௧௜௩௜௧௬ௌ௣௘௖௜௙௜௖௜௧௬  = log
ி௔௟௦௘ ே௘௚௔௧௜௩௘ ோ௔௧௘
்௥௨௘ ே௘௚௔௧௜௩௘ ோ௔௧௘
 = log௕/(௔ା௕)
ௗ/(௖ାௗ)
 = log௕(௖ାௗ)
ௗ(௔ା௕)
 (16) 
Wposttest = Wpretest + Itest 1 + Itest 2 + …        (17) 
 
 
For example, the prevalence of coronary artery disease (CAD) is 4% in the general 
population (6) so, Wpretest is –1.38. 
To this can be added I = –0.09 for a male aged 40-49, so Wposttest = –1.38 – 0.09 = –1.47 (a 3% 
chance of CAD, see Fig. 1 to go back and forth from W to Probability).    
Then add I = +1.39 for atypical chest pain (i.e., chest pain with some but not all features of 
CAD), so Wposttest equals –1.47 + 1.39 = –0.08 (a 45% chance of CAD).   Since Wposttest = –0.08, a test 
to decide if the chest pain were CAD would be helpful. 
Adding +1.39 I+test for a concordant positive stress ECG and positive nuclear scan increases 
Wposttest to –0.08 + 1.39 = +1.31 (a 95% chance of CAD), suggesting the presence of CAD.    
In contrast, adding –1.13 I–test for a concordant negative stress ECG and negative nuclear 
scan decreases Wposttest to –0.08 – 1.13 = –1.21 (a 6% chance of CAD), suggesting the absence of 
CAD.    
This example shows how stress nuclear testing can be very helpful for a clinician to 
diagnose the presence or absence of CAD in a 40-49 year old male with atypical chest pain. 
 
Since W and I values are additive, the difference of I values of a positive (I+test) and negative 
(I–test) tests reveals the relative impact of the overall test (Itest).    
Itest = I+test – I–test  = log10 ௌ௘௡௦௜௧௜௩௜௧௬ ⋅  ௌ௣௘௖௜௙௜௖௜௧௬(ଵିௌ௣௘௖௜௙௜௖௜௧௬)(ଵିௌ௘௡௦௜௧௜௩௜௧ ) = log10  
ೌ
ೌశ್  
೏
೎శ೏  
೎
೎శ೏  
್
ೌశ್  
 = log10  ௔ௗ ௕௖  = log10 OR  (18) 
For example, a stress ECG alone has an Itest = +0.65 – –0.39 = +1.04, a stress nuclear scan 
an Itest = +0.74 – –0.74 = +1.48, and a combined concordant stress ECG and nuclear has an Itest = 
+1.39 – –1.13 = +2.52.   These suggest that a concordant stress ECG and nuclear is better 
(Itest=+2.5) than a nuclear alone (Itest=+1.5) which is better than a stress ECG alone (Itest=+1.0).   
Overall, I propose that a test with a higher Itest indicate that the test is better than a lower Itest.    
Note that these Itest values are independent of pretest probability.  Since I values are linear, 
it can provide information along a whole receiver operated curve (ROC) if the test accuracy does 
not depend on pretest probability.   Interestingly, Itest is the log OR for the test.    
 
AN EXAMPLE OF DISCRETE DATA 
 
Figure 4 demonstrates testing of discrete data with integer numbers of events in different 
groups.   It shows the number of people with known atherosclerotic vascular disease who had a 
nonfatal myocardial infarction (MI) or cardiovascular death (CVD), i.e. events (a or b) or did not 
not have events (c or d) based on assignment to placebo (b or d) or treatment (a or c) in three 
different trials of statins (LDL cholesterol lowering agents).  Specifically the trials were:  
1) Placebo (control) or simvastatin 20-40 mg (treated) in the 4S (Scandinavian Simvastatin 
Survival Study (12), 
2) Placebo (control) or simvastatin 40 mg (treated) in the HPS (Heart Protection Study(13),  
& 3) Simvastatin 20 (control, low intensity) or atorvastatin 80 mg (treated, high intensity) 
in the IDEAL trial (Incremental decrease in endpoints through aggressive lipid lowering (14))   
 
 
Figure 4.   Statistical testing in three datasets with numbers of events in different groups – 
specifically treating people with atherosclerotic coronary artery disease with statins.  Trial names 
are described in the text. 
 
OR equal ad/bc.   
I = Impact = log10 ad/bc = log10 OR.   
SEln OR = ඥ1/a + 1/b + 1/c + 1/d      from (5).      (19) 
SEI = SElog10 OR = SEln OR / ln(10)        (20) 
The 95% Confidence intervals (95% CI) = I ± 1.96· SEI.  This is for C<–1.3 (p<0.05). 
t = SE multiples = |I| / SEI. 
p value is from t table or in Excel p value = tdist(t, DF, 2) 
C = log10  ୮ ୴ୟ୪୳ୣଵି୮ ୴ୟ୪୳ୣ 
ARR was then calculated as (b/(b+d)–a/(a+c)).    
In this example, I values were –0.23 (high impact), –0.15 (intermediate impact), and –0.06 
(low impact), for the 4S, HPS, and IDEAL respectively.  These I values marginally correlated with 
the LDL cholesterol concentrations prior to treatment of 190, 131, and 104 mg dl-1 (r2 = 0.96, 
Cregression = –1.39, marginally different), respectively suggesting a greater benefit of statin 
treatment at a higher LDL cholesterol concentrations (15, 16).   I values were the same when 
calculated as log10 ad/bc or as the ARR based Wtreated – Wcontrol.        
The C values were –14, –12 and –1.26, respectively suggesting very high certainty for the 
4S and HPS results (very different at physics/genetics level) and very low certainty in the IDEAL 
trial (indeterminate).   Similar p values and C were found with chi square calculations and with t 
testing. 
The ARR were 0.10, 0.030, and 0.012 for the 4S, HPS, and IDEAL, respectively.   These 
ARR correlated well with the LDL cholesterol concentrations prior to treatment (r2 = 0.99, Cregression 
=  –1.87, marginally different).    
To calculate C from r values and n, use the formula from Armitage and Berry (1):     
tregression  = ට(௡ ି ଶ) ௥
మ
ଵି ௥మ
          (21) 
 Then calculate Cregression to be calculated from p which is calculate from tregression and DF. 
 
I suggest that the I and C values presented here are an alternate answer to Prof. 
Goodman’s question about how to present clinical trial results.  The I, i.e. the clinical impact, of 
the 4S trial (statins vs. placebo with high LDL cholesterol, –0.23) is 50% higher than the I of the 
HPS trial (statins vs placebo with intermediate LDL cholesterol, –0.15) and nearly fourfold greater 
than the I of the IDEAL trial (low vs high intensity statin treatment, –0.06) suggesting impact for 
4S > HSP > IDEAL.    
In the case of statins it is possible and reasonable to propose that the treatment benefit 
persists with longer treatment.  If we assume that the benefits of statins are linear over time and 
we account for the declining numbers as people have myocardial infarctions or cardiovascular 
death (by calculating the exponential curve fit constant tau = –duration/ln(1-control rate)), then we 
can calculated ARR for specific durations of therapy.   In the 4S trial, ARR would be 0.13 for 10, 
years and 0.11 for 20 years – the decline at 20 years is caused by the high rate of events in the 
control and treated groups that deplete the number of patients.   By calculating ARR at all control 
rates and finding the ARRmaximal, the NNTmaximal for each trial was calculated to be 8, 12, and 29 for 
the 4S, HPS, and IDEAL, respectively.  
The NNTmaximal can also be directly calculated from only I values.  The largest effect of a 
negative I values (for a reduction) occurs when W is reduced from –I/2 to I/2, i.e. values 
surrounding W=0 (a 50% probability).   
Therefore NNTmaximal = ଵ୅ୖୖ୫ୟ୶୧୫ୟ୪    = 1 ( ଵ଴
ష಺/మ
ଵା ଵ଴ష಺/మ
  ―  ଵ଴
಺/మ
ଵା ଵ଴಺/మ
 ).    
So for the 4S trial where I = ―0.2325,  
NNTmaximal = 1 ( ଵ଴బ.మయమఱ/మଵା ଵ଴బ.మయమఱ/మ  ―  ଵ଴
షబ.మయమఱ/మ
ଵା ଵ଴షబ.మయమఱ/మ
 ) = 1/(0.567 – 0.433) = 1/0.133 = 7.5.   
A spreadsheet for these calculations is included in the appendix. 
    
  
Figure 5 analyzes the datasets from Goodman’s 2016 Science paper (1): all three datasets 
have the relatively macabre control event rate of 80% which is reduced to 74% with n=900 in trial 
1, to 60% with n=100 in trial 2, and to 74% with n=500 in trial 3.   The I values were –0.15, –0.43, 
and –0.15, suggesting a threefold greater impact in trial #2 (very high impact) than trial #1 and #3 
(intermediate impact).  The C values were –1.5, –1.5 and –0.9, suggesting a marginally different 
certainty for trial #1 and #2 and indeterminate certainty for trial #3, however, the C values were 
similar for the three trials.     
 
Figure 5.   Statistical testing in a three datasets from Goodman’s 2016 Science paper (4). 
 
  
Finally, I analyzed a number of clinical trials for prevention of cardiovascular (CV) events 
(defined as myocardial infarction (MI) and CV death for multiple treatments including lipid 
lowering, diet, anti-inflammatory, and chelation that were done in people 1) without known 
atherosclerosis (primary prevention), 2) with inflammation but without known atherosclerosis 
(primary+hsCRP), 3) with known atherosclerosis (secondary prevention), 4) with an acute coronary 
syndrome (ACS), and 5) with end stage renal disease (ESRD).  These results were sorted by impact 
(I) from very high to low.  Also presented are number of trials and C values with classifications of 
certainty.  Number of subjects and events (outcomes) were combined for multiple trials and then I 
and C values were calculated.  I did not include trials in which allowed physicians to add or 
increase the dose of other lipid lowing agents to people in the control and/or the treatment groups. 
 
There were different to very different C values (<–2) seen in treatments with various I 
values (Fig. 6):  
A very high I was seen in ACS and secondary prevention with the Mediterranean diet.   
High I was seen in inflammation without known atherosclerosis with statins, in secondary 
prevention with partial ileal bypass, and in primary prevention with the Mediterranean diet (CVA 
was included in the outcome for this trial).    
Intermediate I was seen in primary prevention with statins and in secondary prevention 
with statins, omega 3 fatty acids (EPA) when triglycerides were 150-500 mg dl-1, the fibrate 
gemfibrozil, & niacin.    
Low I was seen in ACS with a PCSK9 inhibitor (alirocumab) and in secondary prevention 
with a PCSK9 inhibitor (evolocumab), a high vs. low intensity statin, ezetimibe added to a statin, 
& the CETP blocker anacetrapib added to a statin.  The most negative C values were seen in 
primary and secondary prevention with statins given the larger number of trials performed.  
 
There were marginally different C values (–1.3 to –2) in treatments with lower I values: 
Intermediate I was seen in primary prevention with the fibrate gemfibrozil.    
Low I was seen with secondary prevention with an anti-inflammatory agent (canakinumab) 
and in ESRD with statins. 
 
There were indeterminate C values (–0.4 to –1.3) in treatments with lower I values: 
primary prevention with cholestyramine, secondary prevention with chelation and in ACS with 
statins. 
 
These data should allow the clinician to prioritize anti-atherogenic therapy.  Clearly the 
Mediterranean diet reduced CV events.  Lowering LDL cholesterol with statins reduced CV events 
in primary and secondary prevention, but other LDL lowering agents such as PCSK9 blockers, 
ezetimibe, and partial ileal bypass also reduced CV events in secondary prevention.   Statins had 
lower impact in ACS and ESRD than in primary or secondary prevention.  The fibrate gemfibrozil 
and if triglycerides were elevated, high dose omega 3 fatty acids reduced CV events in secondary 
prevention.  
  
 
 
Figure 6.  Clinical trial for prevention of myocardial infarction and cardiovascular death 
with varying treatments including lipid lowering, diet, anti-inflammatory, and chelation in various 
populations including primary prevention (without known CAD), secondary prevention (with 
known CAD, but no recent ACS), those with a recent acute coronary syndrome (ACS), those with 
end stage renal disease (ESRD) and primary prevention with inflammation as measured by high 
high-sensitivity C reactive protein (hsCRP).  These results were sorted by I and also presented is C 
(italics if marginal or indeterminate certainty) and bolded if more than 2 trials).    
Trial references are Lyon (17, 18), Jupiter (19), POSCH (20), PREDIMED (21), HHS (22), 
WOS (23), AFCAPS (24), PROSPER (25), ASCOT (26), MEGA (27), 4S (12), LIPID (28), CARE (29), 
HPS (13), Reduce-It (30), HIT (31), CDP (32, 33), LRC (34), FOURIER (35), TACT (36), CANTOS 
(37), IDEAL (14), TNT (38), SEARCH (39), Odyssey (40)   PROVE-IT (41), AZ (42), IMPROVE-IT 
(43), 4D (44), AURORA (45), SHARP (46), and REVEAL (47).  The outcome for PREDIMED are the 
2018 data, includes stroke, and are corrected for person years.   The CDP (32, 33) trial compared 
niacin alone vs. placebo in the pre statin era.   
 
REFERENCES 
1. S. N. Goodman, STATISTICS. Aligning statistical and scientific reasoning. Science 352, 1180-1181 (2016). 
2. S. N. Goodman, A comment on replication, p-values and evidence. Stat Med 11, 875-879 (1992). 
3. J. Shao, S. C. Chow, Reproducibility probability in clinical trials. Stat Med 21, 1727-1742 (2002). 
4. C. Open Science, PSYCHOLOGY. Estimating the reproducibility of psychological science. Science 349, 
aac4716 (2015). 
5. P. Armitage, G. Berry, Statistical methods in medical research.  (Blackwell Scientific Publications, Oxford ; 
Boston, ed. 3rd, 1994), pp. xi, 620 p. 
6. C. M. Rembold, D. Watson, Posttest probability calculation by weights.  A simple form of Bayes' 
theorem. Ann Intern Med 108, 115-120 (1988). 
7. I. J. Good, Probability and the weighing of evidence.  (1950). 
8. S. Kullback, Information theory and statistics.  (1959). 
9. C. M. Rembold, A. D. Tejani, M. L. Ripley, S. Han, Paxillin phosphorylation, actin polymerization, noise 
temperature, and the sustained phase of swine carotid artery contraction. American Journal of 
Physiology-Cell Physiology 293, C993-C1002 (2007). 
10. J. S. Walker, L. A. Walker, E. F. Etter, R. A. Murphy, A dilution immunoassay to measure myosin 
regulatory light chain phosphorylation. Analytical Biochem 284, 173-182 (2000). 
11. C. M. Rembold, Number needed to screen: development of a statistic for disease screening. Br Med J 
317, 307-312 (1998). 
12. Randomised trial of cholesterol lowering in 4444 patients with coronary heart disease: the Scandinavian 
Simvastatin Survival Study (4S). Lancet 344, 1383-1389 (1994). 
13. R. Collins, J. Armitage, S. Parish, P. Sleight, R. Peto, MRC/BHF Heart Protection Study of cholesterol 
lowering with simvastatin in 20536 high-risk individuals: a randomised placebo-controlled trial. Lancet 
360, 7-22 (2002). 
14. E. B. Pedersen et al., High-dose atorvastatin vs. usual dose simvastatin for secondary prevention after 
myocardial infarction. JAMA 294, 2437-2445 (2005). 
15. C. M. Rembold, To statin or to non-statin in coronary disease - considering absolute risk is the answer. 
Atherosclerosis 195, 1-6 (2007). 
16. C. M. Rembold, To statin or to non-statin in coronary disease-considering absolute risk is the answer. 
Atherosclerosis 200, 447 (2008). 
17. M. de Lorgeril et al., Mediterranean diet, traditional risk factors, and the rate of cardiovascular 
complications after myocardial infarction - Final report of the Lyon Diet Heart Study. Circulation 99, 779-
785 (1999). 
18. P. Kris-Etherton, R. H. Eckel, B. V. Howard, S. St Jeor, T. L. Bazzarre, Lyon diet heart study : benefits of a 
mediterranean-style, national cholesterol education program/american heart association step i dietary 
pattern on cardiovascular disease. Circulation 103, 1823-1825 (2001). 
19. P. M. Ridker et al., Rosuvastatin to prevent vascular events in men and women with elevated C-reactive 
protein. N Engl J Med 359, 2195-2207 (2008). 
20. H. Buchwald et al., Effect of partial ileal bypass surgery on mortality and morbidity from coronary heart 
disease in patients with hypercholesterolemia. Report of the Program on the Surgical Control of the 
Hyperlipidemias (POSCH). N Engl J Med 323, 946-955 (1990). 
21. R. Estruch et al., Primary Prevention of Cardiovascular Disease with a Mediterranean Diet Supplemented 
with Extra-Virgin Olive Oil or Nuts. N Engl J Med 378, e34 (2018). 
22. M. H. Frick et al., Helsinki Heart Study: primary-prevention trial with gemfibrozil in middle-aged men 
with dyslipidemia. Safety of treatment, changes in risk factors, and incidence of coronary heart disease. 
N Engl J Med 317, 1237-1245 (1987). 
23. J. Shepherd et al., Prevention of coronary heart disease with pravastatin in men with 
hypercholesterolemia. West of Scotland Coronary Prevention Study Group. N Engl J Med 333, 1301-1307 
(1995). 
24. J. R. Downs et al., Primary prevention of acute coronary events with lovastatin in men and women with 
average cholesterol levels - Results of AFCAPS/TexCAPS. Jama-Journal of the American Medical 
Association 279, 1615-1622 (1998). 
25. J. Shepherd et al., Pravastatin in elderly individuals at risk of vascular disease (PROSPER): a randomised 
controlled trial. Lancet 360, 1623-1630 (2002). 
26. P. S. Sever et al., Prevention of coronary and stroke events with atorvastatin in hypertensive patients 
who have average or lower-than-average cholesterol concentrations, in the Anglo-Scandinavian Cardiac 
Outcomes Trial-Lipid Lowering Arm (ASCOT-LLA): a multicentre randomised controlled trial. Lancet 361, 
1149-1158 (2003). 
27. H. Nakamura et al., Primary prevention of cardiovascular disease with pravastatin in Japan (MEGA 
Study): a prospective randomised controlled trial. Lancet 368, 1155-1163 (2006). 
28. T. L.-t. I. w. P. i. I. D. L. S. Group, Prevention of cardiovascular events and death with pravastatin in 
patients with coronary heart disease and a broad range of initial cholesterol levels. New England Journal 
of Medicine 339, 1349-1357 (1998). 
29. F. M. Sacks et al., The effect of pravastatin on coronary events after myocardial infarction in patients 
with average cholesterol levels. Cholesterol and Recurrent Events Trial investigators. N Engl J Med 335, 
1001-1009 (1996). 
30. D. L. Bhatt et al., Cardiovascular Risk Reduction with Icosapent Ethyl for Hypertriglyceridemia. N Engl J 
Med,  (2018). 
31. S. J. Robins et al., Relation of gemfibrozil treatment and lipid levels with major coronary events: VA-HIT: 
a randomized controlled trial. JAMA 285, 1585-1591 (2001). 
32. Clofibrate and niacin in coronary heart disease. JAMA 231, 360-381 (1975). 
33. P. L. Canner et al., 15 Year Mortality in Coronary Drug Project Patients - Long-Term Benefit with Niacin. 
Journal of the American College of Cardiology 8, 1245-1255 (1986). 
34. The Lipid Research Clinics Coronary Primary Prevention Trial results. I. Reduction in incidence of 
coronary heart disease. JAMA 251, 351-364 (1984). 
35. M. S. Sabatine et al., Evolocumab and Clinical Outcomes in Patients with Cardiovascular Disease. N Engl J 
Med 376, 1713-1722 (2017). 
36. G. A. Lamas et al., Effect of disodium EDTA chelation regimen on cardiovascular events in patients with 
previous myocardial infarction: the TACT randomized trial. JAMA 309, 1241-1250 (2013). 
37. P. M. Ridker et al., Antiinflammatory Therapy with Canakinumab for Atherosclerotic Disease. N Engl J 
Med 377, 1119-1131 (2017). 
38. J. C. LaRosa et al., Intensive lipid lowering with atorvastatin in patients with stable coronary disease. N. 
Engl. J. Med 352, 1425-1435 (2005). 
39. S. o. t. e. o. a. r. i. c. a. h. S. c. group, Intensive lowering of LDL cholesterol with 80 mg vs 20 mg 
simvastatin daily in 12064 survivors of myocardial infarction: a double-blind randomized trial. Lancet 
376, 1659-1669 (2010). 
40. G. G. Schwartz et al., Alirocumab and Cardiovascular Outcomes after Acute Coronary Syndrome. N Engl J 
Med 379, 2097-2107 (2018). 
41. C. P. Cannon et al., Intensive versus moderate lipid lowering with statins after acute coronary 
syndromes. New England Journal of Medicine 350, 1495-1504 (2004). 
42. J. A. de Lemos et al., Early intensive vs a delayed conservative simvastatin strategy in patients with acute 
coronary syndromes - Phase Z of the A to Z trial. Jama-Journal of the American Medical Association 292, 
1307-1316 (2004). 
43. C. P. Cannon et al., Ezetimibe Added to Statin Therapy after Acute Coronary Syndromes. N Engl J Med 
372, 2387-2397 (2015). 
44. C. Wanner et al., Atorvastatin in patients with type 2 diabetes mellitus undergoing hemodialysis. N Engl J 
Med 353, 238-248 (2005). 
45. B. C. Fellstrom et al., Rosuvastatin and cardiovascular events in patients undergoing hemodialysis. N 
Engl J Med 360, 1395-1407 (2009). 
46. C. Baigent et al., The effects of lowering LDL cholesterol with simvastatin plus ezetimibe in patients with 
chronic kidney disease (Study of Heart and Renal Protection): a randomised placebo-controlled trial. 
Lancet 377, 2181-2192 (2011). 
47. H. T. R. C. Group et al., Effects of Anacetrapib in Patients with Atherosclerotic Vascular Disease. N Engl J 
Med 377, 1217-1227 (2017). 
 
